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ABSTRACT 
Environmental Assessment of Streams: Linking Land Use, Instream Stressors, and Biological 
Indices to Infer Likely Causes of Ecological Impairment  
by 
Jacob J. Vander Laan, Master of Science 
Utah State University, 2012 
Major Projessor: Dr. Charles P. Hawkins 
Department: Watershed Sciences 
To protect and restore the biological integrity of streams, we need to be able to both 
detect biological degradation and infer likely causes of impairment. Managers often use 
biological indices to measure biological condition and detect degradation. However, the ability 
to detect degradation can be limited by the performance of the indices we develop. Index 
performance varies widely, but the sources of this variation are often unclear. In addition, 
although bioassessments are useful tools for detecting biological degradation, they do not 
identify stressors associated with impairment. My thesis research had two general goals: 1) 
develop statistically and ecologically robust indices to measure biological condition in Nevada 
streams and 2) quantify relationships between land uses, stressors, and biological condition to 
infer likely causes of degradation. 
I developed two biological indices for Nevada streams, a multimetric index (MMI) and 
observed to expected (O/E) taxa ratios, and determined if index performance was related to site 
isolation and sample evenness. The Nevada O/E indices were relatively imprecise compared 
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with those from other regions, which likely results from low assemblage predictability 
associated with spatial isolation of aquatic habitats in arid regions. In contrast, the Nevada MMI 
was more precise than most previously developed MMIs, likely the result of using models to 
reduce natural variation in index scores. Sample evenness was positively associated with both 
O/E and MMI scores. Adjustments of index scores for sample evenness increased index 
precision, but also altered relative differences in index values and therefore inferences of 
biological impairment at specific sites. 
I also quantified relationships between biological condition, instream stressors, and land 
uses and used a weight of evidence approach to infer likely causes of degradation. Land uses 
such as agriculture, urbanization, and mining were associated with the spatial distributions of 
instream stressors, and these stressors were associated with variation in biological condition. 
Total dissolved solids and metal contamination were the stressors most strongly associated with 
biological condition. By detecting biological degradation and identifying important stressors and 
their potential sources, the tools I developed should help managers target conservation and 
restoration efforts and improve their ability to protect freshwater resources. 
(100 pages) 
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PUBLIC ABSTRACT 
Environmental Assessment of Streams: Linking Land Use, Instream Stressors, and Biological 
Indices to Infer Likely Causes of Ecological Impairment  
by 
Jacob J. Vander Laan, Master of Science 
Utah State University, 2012 
Major Projessor: Dr. Charles P. Hawkins 
Department: Watershed Sciences 
To protect and restore stream biota, managers need to be able to both detect biological 
degradation and infer likely causes of impairment. Managers commonly develop indices based 
on stream biota to assess the biological condition of streams. However, the performance of 
these indices dictates the ability to detect degradation, and although index performance varies 
widely, the sources of this variation are often unclear. In addition, bioassessments do not 
identify causes of impairment. My thesis research had two general goals: 1) develop indices to 
measure biological condition in Nevada streams and 2) quantify relationships between land 
uses, stressors, and biological condition to infer likely causes of degradation. 
I developed two types of biological indices based on stream invertebrates to measure 
biological condition and detect degradation in Nevada streams: (1) an index of taxonomic 
completeness, and (2) a multimetric index (MMI) that aggregates several attributes of 
invertebrate assemblages. The Nevada index of taxonomic completeness was relatively 
imprecise compared with indices developed for other regions, which I argue is a consequence of 
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the spatial isolation of aquatic habitats in arid regions. In contrast, the Nevada MMI was more 
precise than most previously developed indices, likely the result of using models to reduce 
variation in assemblage attributes along natural environmental gradients. Index values were 
positively related to how evenly individuals were distributed among taxa in a sample. 
Adjustments of index scores for sample evenness increased index precision and also altered 
inferences of biological impairment for specific sites. 
I also developed models to relate measures of biological condition, instream stressors, 
and human land uses. Coupled with known causal mechanisms, associations between stressors 
and biological degradation can be used to infer likely causes of impairment. Total dissolved 
solids and metal contamination were the stressors most strongly associated with biological 
impairment. Stressors associated with degraded biological condition were also associated with 
land uses like agriculture, urbanization, and mining. The tools I developed to detect biological 
degradation and identify important stressors and their potential sources should help managers 
target conservation and restoration efforts and improve their ability to protect freshwater 
resources. 
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CHAPTER 1 
INTRODUCTION 
The goal of the Clean Water Act (1972) is to “restore and maintain the chemical, 
physical and biological integrity of the Nation’s waters.” This goal has been a driving force 
behind research focused on the assessment, diagnosis, and restoration of stream ecosystems. In 
particular, there has been a strong focus on defining and measuring biological integrity and 
identifying biological impairment. Much of the effort to identify impairment has focused on 
bioassessment, which is often based on comparisons between the biota observed at a site and 
those that would be expected to occur in the absence of human disturbance (Cao and Hawkins 
2011). Bioassessments have proven to be effective means to detect biological degradation in 
stream ecosystems, but do not diagnose the stressors responsible for degradation. To protect 
and restore the biological integrity of streams we must be able to both identify impairment and 
determine likely causes of degradation. 
The ability to detect biological impairment is limited by the performance of 
bioassessment indices, and although index performance can vary widely, the sources of this 
variation are often unclear. It is also generally unclear how bioassessment indices will perform 
under different environmental settings. Most indices have been developed for mesic regions, 
and we know little about index performance in arid environments with isolated aquatic habitats. 
Most evaluations of index performance and attempts to improve it have focused on the types of 
biological information included in an index and the way that natural biotic variation is accounted 
for within the index (e.g. Cao et al. 2007, Van Sickle et al. 2007, Van Sickle et al. 2010, Hawkins 
et al. 2010). However, few studies have examined ways that natural physical and biological 
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factors may influence index performance, or sought to test index performance in arid regions 
with isolated aquatic habitats. 
Although bioassessments can detect impairment, they do not identify potential causes 
of degradation. Observed biological degradation is generally assumed to be caused by one or 
more anthropogenic stressors, but these assumptions are often untested (Sloane and Norris 
2003). Furthermore, the responsiveness of indices to specific stressors is generally unknown 
(Freund and Petty 2007). Models that link bioassessment index scores to known stressors and 
land uses would improve our understanding of index responsiveness to anthropogenic 
disturbance and help to identify important stressors and their sources. 
Many types of stressors are known to cause biological degradation in streams, but 
diagnosing specific stressors responsible for degradation at individual sites is problematic. 
Quantifying relationships between stressors and biota can be complicated by the confounding of 
natural and anthropogenic gradients and the potential for complex interactions among stressors 
(Allan 2004, Townsend et al. 2008). Because cause and effect between stressors and biota can 
rarely be inferred from single studies, inferences regarding the most likely causes of degradation 
must often rely on a weight of evidence approach (e.g. Suter et al. 2010, Allan et al. 2011, Norris 
et al. 2012). In these approaches, causation of degradation can be most confidently attributed 
to a stressor when a causal mechanism has been established and there is a consistent and 
strong association between the hypothesized cause and effect (Suter et al. 2010, Allan et al. 
2011, Norris et al. 2012). 
To restore and maintain the biological integrity of stream ecosystems, managers must 
be able to both detect biological degradation and identify its likely causes. My thesis work 
focused on developing tools that can be used to measure biological condition and infer the likely 
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causes of impairment in Nevada streams, a highly arid, but also environmentally heterogeneous 
state. The unique environment of Nevada provided an interesting challenge for developing 
stream bioassessment indices and provided an opportunity to (1) assess the applicability of 
bioassessment indices to arid regions with high environmental heterogeneity and isolated 
aquatic habitats and (2) examine the effects of natural environmental and biological factors on 
index performance. In addition, the paired collection of invertebrate and stressor information 
allowed us to examine links between anthropogenic land uses, instream stressors, and biological 
condition and to identify important stressors associated with degradation. The tools I developed 
to measure biological condition, detect degradation, and identify important stressors and their 
potential sources should help managers better target conservation and restoration efforts and 
improve their ability to protect or restore freshwater resources. 
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CHAPTER 2  
ASSESSING BIOLOGICAL CONDITION OF ARID ZONE STREAMS: EFFECTS OF MODELING, SPATIAL 
ISOLATION, AND SAMPLE EVENNESS1 
Abstract 
In this study, we assessed the performance of two biological indices (a multimetric index 
and an O/E index of taxonomic completeness) that we developed for stream invertebrate 
assemblages in the arid state of Nevada, USA. Our primary objectives were to: (1) develop a 
general method to determine if assessed sites are represented by the population of reference 
sites; (2) develop indices that are insensitive to natural environmental gradients; (3) develop a 
robust method to select metrics for inclusion in MMIs that ensures maximum independence of 
metrics; and (4) assess the effects of site isolation, beta diversity, and sample evenness on index 
accuracy and precision. We developed a nearest-neighbor approach to determine which 
assessed sites occurred within the environmental space of the reference site network. This 
approach appears robust and equally applicable to all biological indices. Random Forest 
modeling effectively accounted for natural biological variability in both the multimetric and O/E 
indices and resulted in improved index performance over null models. Principal components 
analysis identified six statistically independent axes of variation among 31 candidate 
assemblage-level metrics. We then used one metric from each axis to produce a precise, 
responsive, and ecologically robust MMI. In contrast, the O/E indices we developed were 
relatively imprecise compared with O/E indices developed for other regions. This imprecision 
was the consequence of low predictability in local taxa composition, which was likely associated 
with the relatively high spatial isolation of aquatic habitats within arid regions. Estimates of taxa 
                                                          
1
 Coauthor: Charles P. Hawkins 
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richness and both index scores were positively associated with the evenness in the distribution 
of individuals among taxa within samples. This relationship can potentially compromise 
inferences regarding biological condition, and post-hoc adjustments for the effects of evenness 
on index scores might be desirable. Further improvements in the performance and 
interpretation of biological indices will require simultaneous consideration of the effects of 
incomplete sampling on characterization of biological assemblages and the natural processes 
that influence community assembly. 
Introduction 
Stream bioassessments are generally based on one of two types of biological indices: 
multimetric indices (MMIs) and observed to expected (O/E) taxa ratios (Cao and Hawkins 2011). 
An MMI aggregates several measures of invertebrate assemblage attributes (Karr and Chu 
1997). The types of attributes used in MMI’s often include measures of taxonomic richness, 
biological diversity and assemblage composition (Stoddard et al. 2008). Individual metrics that 
differentiate between reference and degraded condition are standardized and aggregated into a 
single measure of biological condition. O/E indices assess the taxonomic completeness of a site 
by comparing observed and expected taxa lists (e.g. Wright 1995, Hawkins 2006). The taxa 
expected at a site are predicted by identifying relationships between taxonomic composition 
and environmental gradients at pre-defined reference sites, and biological condition at assessed 
sites is measured as the number of expected taxa (E) that are observed (O) at a site, usually 
expressed as a ratio, O/E (Wright 1995). Benthic macroinvertebrate (BMI) based bioassessment 
indices have become increasingly important and widely used tools for assessing freshwater 
resources, but index performance varies widely, and the sources of this variation are not well 
known. 
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Several challenges must be overcome when developing robust MMIs and O/E indices, 
and the ways researchers address these challenges can influence index performance and 
interpretation. Accurate bioassessments require a comparison of the biota observed at a site 
with an estimate of that site’s biological potential. Sites with similar natural environmental 
settings are considered to have similar potential. Accurate determination of biological 
expectations requires that the biological potential of any assessed site is adequately 
represented within the pool of reference sites. For O/E indices, Moss et al. (1987) developed a 
statistical test to determine if the combination of specific values of environmental attributes 
used to predict reference condition biota (E) at an assessed site occur within the pool of 
reference sites. However, their method, based on the discriminant functions used to predict E in 
the RIVPACS model, is not generally applicable to other types of indices. It would be useful to 
have a general approach to identifying sites that lack appropriate reference sites that could be 
used with all indices. MMIs have generally focused on ensuring that some minimum set of 
reference sites occurs within all regions or typologies, but how well those reference sites 
represent environmental gradients within regions has typically not been considered. A more 
broadly applicable method for identifying sites whose environmental conditions are not 
represented within the set of reference sites would help ensure the accuracy of a variety of 
bioassessment indices when applied to sites of unknown condition. 
One of the biggest challenges for any bioassessment is accounting for naturally 
occurring spatial and temporal variation in assemblage composition (Hawkins et al. 2010b). 
Failure to adequately account for natural variation in assemblage composition can result in 
confounding of natural and human-caused effects on assemblages and lead to inaccurate 
assessments of biological condition. Another challenge involves improving the sensitivity of 
8 
 
indices so that both moderate and severe alteration can be detected. For example, some O/E 
developers have sought to improve index performance by excluding taxa with low probabilities 
of capture.  Some studies have shown that excluding locally rare taxa improves O/E index 
performance (e.g. Hawkins et al. 2000b, Ostermiller and Hawkins 2004, Van Sickle et al. 2007), 
but exclusion of rare taxa does not always improve O/E index performance (Van Sickle et al. 
2007). Redundant metrics can degrade MMI performance (Van Sickle 2010), and MMI 
developers have attempted to improve index performance by selecting statistically and 
biologically independent metrics for inclusion in MMIs. However, the routinely used methods 
for selecting metrics may not ensure metric independence or improve MMI performance and 
interpretability (Van Sickle 2010). Incomplete sampling can also affect index performance 
(Ostermiller and Hawkins 2004, Cao and Hawkins 2005). Bioassessments are based on samples 
that are assumed to accurately represent stream assemblages. However, both sample count and 
sample evenness may affect their representativeness, repeatability, and comparability. The 
development of robust indices requires that we thoroughly address these issues. 
Metric redundancy is generally considered to compromise MMI performance (Van Sickle 
2010), and index developers have tried to minimize redundancy in several ways. Approaches for 
identifying redundant metrics include setting a maximum value for the allowed correlation 
between metrics in an MMI (Barbour et al. 1999, Hering et al. 2006, Stoddard et al. 2008), using 
best professional judgment to classify metrics into ecologically independent categories (Hering 
et al. 2006, Stoddard et al. 2008), and objectively clustering metrics based on their correlations 
(Cao et al. 2007). Typically in these approaches, a single or equal number of metrics from each 
set of redundant metrics is selected for the final index. However, these approaches do not 
necessarily ensure statistical or biological independence of metrics and require the application 
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of an arbitrary correlation coefficient cutoff. Van Sickle (2010) demonstrated that the maximum 
correlation between two metrics in an MMI has little or no effect on index performance and 
instead suggests that minimizing the mean correlation between metrics is a more effective 
method of increasing index performance. An objective method for reducing redundancy among 
metrics could help ensure the development of ecologically and statistically robust MMIs. 
Failure to account for the effects of natural variability on the abundance and 
distribution of biota can lead to confounding of natural and anthropogenic effects on 
assemblages. This confounding can lead to biased assessments and result in increased type I and 
type II errors of inference, i.e., a site being assessed as impaired when it is not and vice versa. 
O/E indices and MMIs generally differ in how they account for natural variability in assemblages 
and define biological expectations. Biological expectations for O/E indices are set by modeling 
natural variability among assemblages and predicting site-specific expectations of the 
probability of observing individual taxa. MMIs have traditionally relied on some type of 
regionalization to account for the natural variation of metric values among reference sites and 
thus set expectations for biological condition at assessed sites (Barbour et al. 1999). However, 
these regionalizations often account for little of the biological variation that occurs between 
sites (Hawkins et al. 2000a, Hawkins et al. 2010). Recently, some MMI developers have also used 
modeling techniques to adjust metric expectations for natural gradients (e.g. Baker et al. 2005, 
Pont et al. 2006, Cao et al. 2007, Hawkins et al. 2010a), which can increase MMI accuracy and 
precision (e.g. Cao et al. 2007, Hawkins et al. 2010a). 
Both O/E indices and MMIs are based in whole, or in part, on measures of taxonomic 
richness. Therefore, any sample property, such as sample evenness, that affects estimates of 
richness may affect index performance. For example, the taxonomic richness of stream 
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invertebrate samples typically increases asymptotically with the number of individuals in a 
sample (Vinson and Hawkins 1996). However, this asymptote will be approached more rapidly in 
highly even assemblages than in less even ones (Gotelli and Colwell 2001). Therefore, 
differences in sample evenness may lead to differences in estimates of sample richness and 
composition. This dependency of estimated richness on evenness will be particularly 
problematic for the small, fixed-count samples commonly used in bioassessments (Cao and 
Hawkins 2005). Differences in sample evenness could therefore increase bias and decrease 
precision of O/E indices. Because MMIs are often comprised of richness attributes, MMI scores 
may also be affected by sample evenness. 
Bioassessment index performance varies widely, but the causes of this variation are 
often unclear. Decisions about how to account for natural biological variability, how to minimize 
the effects of sampling variability, and what biological information should be included in an 
index can all affect index performance. However, the environmental and biological properties of 
the study area may also influence index performance. Environmental heterogeneity, habitat 
isolation, and the magnitude of taxa turnover among sites (i.e., beta diversity) may affect taxa 
predictability and index performance.  
In this study, we developed an O/E index and a modeled MMI for Nevada (NV) streams. 
NV’s generally arid, but heterogeneous, landscape provided an excellent opportunity to explore 
regional sources of variation in index performance by comparing indices developed for NV with 
indices developed for other regions. Our primary objectives were to: (1) develop a general 
method to determine if assessed sites are represented by the population of reference sites; (2) 
develop both MMI and O/E indices that are insensitive to natural environmental gradients; (3) 
develop a robust method to select metrics for inclusion in MMIs that ensures maximum 
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independence of metrics; and (4) assess the effects of site isolation, beta diversity, and sample 
evenness on index accuracy and precision. 
Methods 
Study area and data 
 We used a NV Department of Environmental Protection (NDEP) dataset consisting of 
macroinvertebrate samples collected at 500 stream sites throughout NV and nearby 
surrounding areas to develop MMI and O/E indices for the state (Fig.2-1). Data included samples 
from 415 sites of unknown biological condition collected by the NDEP and samples from 85 sites 
previously determined to be in reference condition that were sampled by either the Western 
Center for Monitoring and Assessment of Freshwater Ecosystems (WMC, Utah State University) 
or the U.S. Environmental Protection Agency. 
 The state of NV lies mostly within the Great Basin. This region is environmentally 
heterogeneous with environments that range from desert to montane. The Basin and Range 
terrain produces extreme climactic variability, and cool, wet climates are restricted to isolated 
high-elevation habitats. These high-elevation habitats are sometimes referred to as sky islands, 
and despite their small size and isolation, support most of the aquatic habitats and much of the 
total biodiversity of the region (Chambers et al. 2008). 
Watershed delineation and predictor variable extraction 
We used 27 different environmental variables as possible predictors of 
macroinvertebrate assemblages in our models (Appendix A). We delineated watersheds with 
the Multi-Watershed Delineation Tool (Chinnayakanahalli et al. 2006). This tool uses digital 
elevation grids to identify drainage divides and delineate watersheds. From these delineations 
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we then extracted candidate predictors. These predictors included characterizations of the 
climate, soils, geology, hydrology, topography, and water chemistry of each site and watershed. 
We extracted mean, minimum and maximum values from thirty-year average (1971-2000) 
temperature and precipitation information derived from grids produced by the PRISM climate 
group (Daly et al. 2008). We used available geologic (Reed and Bush 2001) and soil data (Wolock 
1997) to characterize soils and geology within watersheds and at sample locations. We 
characterized two aspects of the hydrologic regime: (1) mean base flow index (Wolock 2003) 
and (2) hydrologic stability calculated as the minimum mean monthly discharge divided by the 
maximum mean monthly discharge interpolated from USGS gauging stations. We characterized 
watershed topography with three elevation measures (mean, minimum and maximum elevation 
within a watershed), as watershed size, and by a measure of watershed slope calculated as the 
change in elevation in the watershed divided by the maximum flow length. We also 
characterized near-site topographic variability as the coefficient of variation of the elevations 
occurring within a radius of five 30-meter digital elevation model cells from the sample site 
(about 80 cells). Finally, we used predicted natural stream water conductivity to characterize 
differences in naturally occurring water chemistry among sites (Olson and Hawkins 2012). 
Reference and most degraded site selection 
We used an approach similar to that described by Herlihy et al. (2008) to screen 
potential reference sites based on watershed land use characteristics and potential human 
impacts. We used land cover information obtained from the National Land Cover Database 
(NLCD) produced by the Multi-Resolution Land Characteristics Consortium (Homer et al. 2007) 
to calculate the percent of area in each watershed that was classified as agricultural or urban 
land use. We also calculated percent of the watershed within 3 km upstream from the sample 
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site that was classified as agricultural or urban land use. Additionally, we used a National 
Pollutant Discharge Elimination System (NPDES) GIS coverage to identify major point-source 
discharges into each stream. 
 We stratified watersheds into three size categories and selected potential reference sites 
from each category. We used this stratification to ensure that we included reference sites that 
spanned the range of stream sizes and environmental conditions present in NV. Differences in 
the degree of watershed alteration associated with watershed size required that we adopt less 
stringent thresholds for the larger streams. For each size category, we set selection thresholds 
for each of the screening variables, with the most rigorous standards set for small watersheds 
and progressively less stringent standards for medium and large watersheds (Table 2-1). 
Thresholds were established by examining the distributions of indicators of human disturbance 
within each watershed size category and selecting the lowest possible threshold that retained 
enough sites for robust modeling. We used these thresholds to select the least altered 
watersheds available in each size category as potential reference sites. 
 For small and medium watersheds, we also used Google Earth to look for other possible 
human modifications not detected in the previous screening such as the presence of dams, 
mining, heavy recreational use, or extensive roads in the watershed. We excluded watersheds 
for which satellite imagery showed significant signs of degradation. We performed similar 
screening for large watersheds, but because all large watersheds have some form of 
degradation within them, we focused on reach-scale conditions at each site. 
 We used available water chemistry information to identify possible degradation not 
detected through the GIS and satellite imagery screening. We excluded sites with conductivity, 
nutrient concentrations, or metal concentrations that were distinct outliers relative to the 
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chemical characteristics of other reference sites. Finally, NDEP personnel reviewed the list of 
potential reference sites, and sites were added or removed based on their recommendations. 
 In addition to identifying reference sites, we selected 60 most degraded sites for index 
development and assessment. We used GIS, Google Earth and available water chemistry to 
identify sites with greatest apparent human-caused environmental degradation. No formal 
thresholds were established, and no biological information was used to identify the most 
degraded sites. 
Identifying sites outside of reference site environmental space 
We developed a nearest-neighbor based approach to identify sites with environmental 
characteristics that were outside of the environmental space defined by the reference sites. We 
used environmental factors generally known to be associated with spatial variation in stream 
community structure and composition and confirmed by both our MMI and O/E models (see 
below) to define ecologically relevant environmental space. We transformed variables as 
necessary to approximate normal distributions, performed PCA with varimax rotation on the 
variables to identify independent axes of variation, and selected the highest loading variable 
from each axis to represent all correlated variables on an axis. We then standardized these 
representative variables by scaling between the minimum and maximum values observed in the 
reference data. We used the standardized variables to calculate Euclidean multivariate distances 
between each reference site and all other reference sites. We then calculated the average 
distance of each reference site to the 10 nearest other reference sites and used the 90th 
percentile of this distribution as a threshold for defining if a new site was outside of reference 
site environmental space. To apply this test to new sites, we calculated the average distance of 
each new site to the 10 nearest reference sites and flagged a new site as an outlier if the 
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average distance exceeded the 90th percentile threshold defined by the distribution of 10-
nearest neighbor reference site distances. 
BMI data 
We applied a common taxonomy and random subsampling procedure to all BMI 
samples. All taxa in the NDEP dataset were aggregated into unique operational taxonomic units 
(OTU). The use of OTUs allows a common taxonomy to be applied to all samples and ensures 
consistent taxonomic resolution between samples (Hawkins et al. 2000b). To correct for possible 
differences in sampling effort between samples, we randomly re-sampled all macroinvertebrate 
samples to fixed counts of 300 individuals (Ostermiller and Hawkins 2004). For those samples 
with fewer than 300 individuals, all individuals were retained. The fixed-count, OTU 
standardized, samples were used for both MMI and O/E development. 
MMI development 
For MMI development, we started with over 100 possible macroinvertebrate metrics. 
Based on a comprehensive literature review, we reduced this list to 31 commonly used or 
potentially useful metrics (Table 2-2). Because the values of at least some metrics used in an 
MMI are likely to vary along environmental gradients, we used empirical models to estimate the 
metric values expected at sites as a function of natural environmental attributes. Using 
reference site data, we built Random Forest (RF) models (Cutler et al. 2007) for each metric. If 
natural environmental gradients were associated with > 10% of the variation in metric values at 
reference sites, we extracted residual values by subtracting the predicted value from the 
observed value. These residuals are a measure of metric variability after adjusting for natural 
environmental gradients. The residual values were then used in MMI development. 
16 
 
We used principal components analysis (PCA) and t-statistics to select metrics for 
inclusion in the MMI. We performed PCA with varimax rotation on the adjusted metrics to 
identify statistically independent axes of variation among the 31 candidate metrics. We then 
conducted t-tests on the mean metric values from samples at reference and most degraded 
sites to assess the ability of individual metrics to differentiate between reference and degraded 
condition. We selected the metric from each axis of variation that showed the greatest 
differentiation (largest absolute t-value) between reference and degraded sites to include in the 
MMI. Selecting one metric from each axis maximized the statistical independence of metrics 
used in the MMI. We then rescaled each metric following Cao et al. (2007) to a score between 0 
and 100. Metrics that decreased with disturbance were rescaled as: 
      
              
       
   
and metrics that increased with disturbance were rescaled as: 
      
              
       
   
where the minimum (min) value is the 5th percentile of metric values at highly degraded sites, 
and the maximum (max) value is the 95th percentile of metric values at reference sites. The use 
of the 5th and 95th percentiles reduces the impacts of possible outliers, and has been shown to 
produce MMIs with high responsiveness, but low variability (Blocksom 2003, Stoddard et al. 
2008). We calculated the final MMI by summing the scores of all seven metrics from a sample, 
then dividing by the number of metrics. 
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 For comparison purposes, we also constructed a null MMI from the same 31 candidate 
metrics but without model adjustment. We used PCA with varimax rotation and t-statistics to 
select metrics for inclusion in the null MMI and followed the same rescaling and MMI calculation 
procedure as before. To allow comparison between the MMI and O/E indices, we also calculated 
standardized MMI scores by dividing raw MMI scores by the mean of reference site scores so 
that reference site scores were centered on one. 
O/E index development 
We developed O/E indices based on relationships between environmental gradients and 
taxa observed at reference sites. We clustered reference sites based on pair-wise Sorensen 
distances in assemblage composition. For clustering purposes only, we removed taxa observed 
at less than 10% of sites. We then developed an RF model to predict cluster membership from 
the natural environmental characteristics of each site. We used the RF model to predict the 
probabilities of cluster membership for any given site. We used the probabilities of cluster 
membership and taxon occurrence frequencies within reference site clusters to predict taxon-
specific probabilities of capture (Pc) (Moss et al. 1987). We calculated expected richness at a site 
as the sum of all individual taxon Pc values at a site greater than a set threshold. Observed 
richness was calculated as the number of those taxa with Pc greater than the set threshold that 
were observed in the fixed-count samples. We assessed the effects of excluding locally rare taxa 
by calculating O/E scores based on Pc values ranging between 0 and 0.6 at 0.05 intervals and 
assessing the precision and sensitivity of these indices. We used RF out-of-bag (OOB) predictions 
to estimate expected richness of calibration sites. We calculated O/E as the proportion of 
expected taxa (E) that were observed (O) in a sample. For comparison with these indices, we 
also calculated null O/E indices in which probabilities of capture of individual taxa are assumed 
18 
 
to be identical across all sites (Van Sickle et al. 2005). The precision of a null index represents 
theoretical lower boundaries for O/E index precision (Van Sickle et al. 2005). 
Inferring biological condition 
 We used one-sided non-central interval and equivalence tests to define thresholds 
between reference and impaired biological condition for the final MMI and O/E indices. We 
established thresholds for both equivalence to and dissimilarity from the reference distribution 
at 95% confidence. Scores that fell between these two thresholds were considered 
undetermined. This process resulted in three condition classes: reference, impaired, and 
undetermined. 
Evaluating and comparing indices 
We applied the MMI and O/E indices to 60 samples from heavily degraded sites and a 
set of 416 samples from sites of unknown condition (test sites) and evaluated the performance 
of each index. We followed procedures similar to those in Hawkins et al. (2010a) and evaluated 
the indices based on four measures of performance: bias, precision, responsiveness, and 
sensitivity. We used additional RF models to assess index bias by determining if any variation in 
reference site index scores were still associated with environmental gradients. We measured 
bias as the percent of variation in reference site index scores explained by a set of 11 natural 
environmental predictors including measures of temperature, precipitation, elevation, 
hydrologic stability, and watershed slope and size. We measured index precision as the 
coefficient of variation of reference site scores for each index. We used two measures of index 
responsiveness: the difference in mean index scores between reference and most-degraded 
sites, and Student’s t values for the differences between reference and most-degraded index 
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scores. We evaluated index sensitivity as the percent of test samples inferred as being in non-
reference condition; i.e., sites assessed by an index as either degraded or undetermined. For this 
evaluation, we considered samples with scores below the reference score equivalence threshold 
to be in non-reference condition. We also compared the MMI and O/E indices by calculating 
correlation coefficients and slopes of regression lines between MMI and O/E index scores for 
test samples and testing whether the slopes were significantly different from 1. We assessed six 
different indices: O/E indices with Pc > 0 and Pc ≥ 0.5 (O/E-0 and O/E-5), null O/E indices for the 
two modeled indices (O/E-0-null and O/E-5-null), the modeled MMI, and the null MMI with no 
RF adjustments. We also compared the O/E indices we developed for NV to a relatively precise 
index (CV = 0.13 Pc ≥ 0.5, CV = 0.19 Pc > 0) developed for Colorado (CO) mountain streams 
(Hawkins 2009) and examined possible reasons for differences in index precision, particularly 
differences in beta diversity among NV and CO. Because of the wide array of beta diversity 
indices and uncertainty as to which indices appropriately characterize beta diversity (Koleff et al. 
2003), we did not calculate specific beta diversity index values. Instead, we assessed beta 
diversity for both NV and CO by calculating the number of shared and unique taxa between all 
pairs of reference samples within each state. We expressed these shared and unique taxa as box 
plots of all pair-wise comparisons and as ternary plots (Koleff et al. 2003). The ternary plots 
were constructed by plotting each pair-wise comparison where coordinates are defined by the 
proportion of shared taxa between samples and the proportions of unique taxa of each sample. 
Effects of sample evenness on indices 
 To determine if sample evenness affected index performance, we regressed both 
sample richness and index scores on sample evenness. We measured sample evenness as Hill’s 
evenness calculated as Shannon diversity divided by the natural log of richness. We developed 
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linear regression models relating index scores to sample evenness for pooled reference and test 
sites and used the regression to apply a Post hoc adjustment to index scores. We calculated 
adjusted index scores as: (S - Spred + 1), where S is the original index score (O/E or standardized 
MMI score) and Spred is the index score predicted from the evenness regression model. We 
validated by randomly withholding one third of reference samples from the regression models 
and assessed the effects of the adjustment as change in CV of adjusted validation sample scores. 
For comparison, we performed the same analysis and adjustment on the CO mountain stream 
O/E index. 
Results 
Reference site selection 
Of the 165 reference quality sites that we used for index calibration (Fig.2-1), 133 sites 
had small watersheds, 25 sites had medium sized watersheds, and 7 sites had large watersheds. 
Eighty reference sites were identified from the NDEP dataset and 85 were added to the 
reference site pool from the WMC and USEPA datasets. 
Identifying sites outside of reference site environmental space 
The PCA on all predictors used in either the MMI and O/E indices identified three axes of 
environmental variation, and we selected watershed area (log transformed), mean watershed 
elevation, and watershed maximum annual precipitation (log transformed) to represent these 
axes. When applied to the 416 test samples, 19 sites (49 samples) were flagged as 
environmentally different from the reference sites. Bivariate plots showed that most of these 
flagged sites were outside or on the fringes of the cloud of reference site environmental space 
and were generally larger, drier, lower-elevation sites (Fig.2-2). 
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MMI development 
Of the 31 metrics considered for the MMIs, natural gradients explained greater than 
10% of the variation in all but two metrics: Shannon diversity and Simpson diversity (Table 2-3). 
These metrics were therefore not adjusted for MMI development. The PCA on 31 adjusted 
metrics resulted in seven statistically independent axes of variation (Table 2-4). These axes 
represented different aspects of assemblage structure: richness, composition, 
diversity/dominance, and tolerance. Although %EPT had the largest absolute t-value in axis two, 
we chose to replace %EPT with %EPHEM in the MMI to avoid taxonomic redundancy with 
%PLEC. The modeled MMI consisted of seven metrics: INS-RICH, %EPHEM, SHDIVER, %CF, 
%PLEC, NON_INS-RICH, and CLING-RICH. Correlations between modeled metrics ranged 
between 0.016 and 0.71 with a mean correlation of 0.17. The maximum correlation of modeled 
metric scores at reference sites (0.71) was between INS-RICH and SHDIVER. In contrast to the 
modeled MMI, six axes of variation were identified for the unadjusted metrics. The metrics 
included in the null MMI were: INS-RICH, HBIINT1-RICH, SHDIVER, %HYDRA, EPHEM-RICH, and 
LLT-RICH. Correlations between non-modeled metrics ranged between 0.003 and 0.63 with a 
mean correlation of 0.20. The maximum correlation of non-modeled metric scores (0.63) was 
between INS-RICH and SIDIVER. 
O/E index development 
We identified eight reference site clusters for O/E index development with group sizes 
ranging between 8 and 29 sites. Seven environmental predictors were used in the RF model to 
predict class membership: watershed area, watershed slope, mean watershed elevation, 
watershed-level hydrostability, watershed long-term maximum annual precipitation, watershed 
long-term maximum annual temperature, and predicted conductivity. This model classified 
22 
 
62.4% of reference sites correctly, and within-class prediction errors ranged between 21% and 
67%. 
 The Pc threshold used in O/E significantly influenced index precision, sensitivity, and 
expected richness at reference sites. As the Pc threshold used in the O/E index increased, index 
precision decreased (Fig.2-3). The standard deviation increased with Pc for both modeled and 
null indices. Index sensitivity peaked at Pc ≥ 0.2, then generally declined as Pc was increased. 
Finally, increasing Pc significantly reduced the expected richness at reference sites with average 
expected richness at reference sites decreasing from 32.2 to 8.7 with an increase in Pc from 0 to 
0.5 (Fig.2-3). 
Evaluating and comparing indices 
In all cases, a modeled index was more precise than its null counterpart. Modeling 
natural gradients eliminated index bias, with natural gradients accounting for < 1% of the 
variation of reference site index scores (Table 2-5). In contrast, the three null indices all showed 
significant bias. Reference site scores for the three null indices were most heavily influenced by 
watershed size. These indices tended to score samples from larger watersheds lower than small 
watersheds. Clear, but less pronounced, biases were also observed for other gradients, with 
each null model demonstrating its own specific biases. The modeled MMI was the most precise, 
sensitive, and responsive index (Table 2-5). 
 O/E and MMI scores for test sites were strongly correlated with one another (Fig.2-4), 
and all indices differentiated between reference and most degraded sites (Table 2-5). Test site 
scores from the modeled MMI were more correlated with test site scores from O/E-0 (r=0.79) 
than with O/E-5 (r=0.56). There was a stronger correlation between O/E-0 and the modeled 
MMI test site scores than between O/E-0 and O/E-5 (r=0.52). The regression slopes for the 
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modeled MMI versus values for both O/E indices were significantly different from one (p<<0.001 
for both), but the slope of the regression line for O/E-0 versus O/E-5 was not significantly 
different from one (p = 0.33). 
Clear differences existed in both index precision and beta diversity between the CO and 
NV data. The CO O/E indices were more precise for both Pc > 0 and Pc ≥ 0.5 (Table 2-5). At Pc > 0, 
both observed and expected richness were higher in NV than in CO, but this pattern was 
reversed at Pc ≥ 0.5 (Fig.2-5). In addition, significant differences existed in beta diversity 
between the NV and CO samples. In pair-wise comparisons, samples from NV reference sites 
tended to have fewer shared taxa than unique taxa, whereas the CO samples tended to have 
similar numbers of shared and unique taxa (Fig.2-6). Similarly, the ternary plots showed that the 
CO samples generally had higher proportions of shared taxa than the NV assemblages (Fig.2-6). 
Effects of sample evenness on index performance 
 Sample evenness was associated with sample richness and index scores in both the NV 
and CO data. In the NV data, sample evenness ranged between 0.32 and 0.90 with a mean of 
0.72. We found no association between sample evenness and natural environmental gradients. 
Evenness at reference sites (mean = 0.75) was slightly higher than at test sites (mean = 0.72) and 
degraded sites (mean = 0.65) (Fig.2-7).  Differences in sample evenness between reference site 
and test or degraded site evenness were both statistically significant (t-tests, p = 0.001 and p < 
0.0001, respectively). In CO, sample eveness ranged between 0.38 and 0.85 with a mean of 0.74. 
Similar to NV, we found no association between sample evenness and environmental gradients 
in CO, and evenness at reference sites was slightly higher (mean = 0.74) than at a set of stressed 
sites (mean = 0.58) (Fig.2-7). This difference was also statistically significant (p<0.001). The 
relationship between evenness and richness was stronger in NV (r2=0.33) than in CO (r2=0.08). 
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With the exception of the CO O/E-5 index, index scores for both NV and CO were also positively 
related to sample evenness (p<0.05). Evenness was most strongly associated with the NV MMI 
scores. Relationships between evenness and index scores were stronger in NV than in CO (Table 
2-6). Post hoc adjustments of index values for differences in evenness resulted in small 
improvements in precision in all cases, with the greatest improvement observed in the NV MMI. 
Adjustments for evenness resulted in slight decreases in index sensitivity for the NV O/E indices, 
and a small increase in sensitivity for the NV MMI. Adjustments also altered inferences of 
biological condition from each index for specific NV test sites (Table 2-7). 
Discussion 
  Methods of bioassessment index development and the environmental and biological 
properties of a study area can both affect the index performance. To develop robust indices, we 
need to account for natural variability in assemblages, include appropriate biological 
information, and reduce the effects of incomplete sampling on estimates of richness and 
composition. We also need to understand how index performance might be affected by 
differences among biogeographic regions in the processes responsible for community assembly 
and maintenance. This study provided new insights regarding each of these issues. 
Accounting for natural variability in assemblages 
Modeling resulted in increased precision, sensitivity, and responsiveness over null 
indices. It also eliminated bias associated with natural gradients. Although modeling did not 
increase the sensitivity of the O/E-5 index, it did eliminate bias, which would have been 
manifested as apparent sensitivity to degradation in the null index. In particular, our results 
suggest that modeling metrics for MMIs can greatly improve the precision and performance of 
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MMIs which should lead to more accurate assessments of biological condition. Our results are 
consistent with the findings of previous studies (e.g. Cao et al. 2007, Hawkins et al. 2010a) in 
suggesting that modeling to account for natural variability in biota should improve 
bioassessment index performance and decrease type I and type II errors of inference. 
Although modeling can improve bioassessment index performance, when the pool of 
reference sites does not include the environmental characteristics of an assessed site, the 
models may not accurately account for natural variability in assemblages. This failure to account 
for natural variability can lead to inaccurate expectations of biological condition and thus 
inaccurate assessments. The method that we developed to detect sites with environmental 
characteristics that are not within the environmental space of the reference site pool should 
help ensure accurate assessments regardless of the type of index used. Our use of the 90th 
percentile of reference site distance distributions as a threshold for defining a new site as 
outside reference site conditions was arbitrary, but can be easily changed to accommodate 
specific indices and assessment goals. The strength of this method is that it is broadly applicable 
and can be readily adapted to any bioassessment. 
Selecting biological information for use in indices 
MMIs. – Metric independence should result in ecologically and statistically robust MMIs. 
Our approach to maximizing metric independence is similar to the clustering approach of Cao et 
al. (2007) in that, like cluster analysis, PCA groups metrics into statistically related axes. 
However, use of PCA ensured that the selection of one metric from each axis maximized the 
statistical independence of the metrics used in the final index. As suggested by Van Sickle 
(2010), our approach for selecting metrics focuses on reducing the average correlation between 
metrics in an MMI rather than setting an arbitrary maximum correlation coefficient. In addition, 
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our approach effectively separated metrics into different aspects of assemblage structure and 
organization, a general goal of MMIs (e.g. Barbour et al. 1999, Hering et al. 2006, Stoddard et al. 
2008), and should ensure that measures of all important aspects of invertebrate assemblages 
are included in the MMI. However, this result is not necessarily general and should be further 
explored. Our approach also limits the difficulties and potential bias associated with a priori 
classifications of metrics based on professional judgment. However, the use of professional 
judgment may still be necessary at times. For example, we chose to replace % EPT with % 
Ephemeroptera to ensure compositional independence with % Plecoptera. 
 Selecting appropriate metrics for inclusion in an MMI is critical to producing an accurate 
and ecologically meaningful index. Hering et al. (2006) argued that a good metric should exhibit 
naturally low temporal and spatial variability. However, 29 of the 31 candidate metrics used for 
MMI development in this study exhibited high spatial variability associated with natural 
gradients, and selecting metrics with low natural variability may be unrealistic and eliminate 
useful metrics. In addition, Stoddard et al. (2008) argued that the signal to noise ratio of a good 
metric (a metric’s variance among all sites compared to its variance between repeated visits to 
the same sites) must be high. A high signal to noise ratio implies metric values with high spatial 
variability among sites and conflicts with the idea that metrics with high spatial variability are 
inappropriate for MMIs. Finally, if natural variability of metrics is not accounted for before 
selecting metrics for an MMI, then the effects of anthropogenic stress will be confounded by 
natural gradients, and inferences regarding the true biological response to anthropogenic stress 
will be compromised. For instance, Hydra relative abundance, for which environmental 
gradients accounted for 22% of the variation, appeared to moderately discriminate between 
reference and stressed sites (t =  -2.0) before modeling, but this response was reduced after 
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modeling (t = 1.0) (Table 2-4). In this case, not only was metric responsiveness to stress inflated, 
but the directionality of the response was also reversed after accounting for natural variation. 
Of the 29 metrics that were modeled with RF, 18 showed reduced responsiveness after 
accounting for natural gradients. Conversely, some metrics may reveal higher responsiveness to 
anthropogenic stress after modeling. In this dataset, the estimated responsiveness to stress of 
prey taxa richness, percent EPT, percent Ephemeroptera, and non-insect taxa richness all 
increased after accounting for natural variability. Modeling to account for natural variability 
ensures that the metrics included in an MMI are responding to anthropogenic degradation, and 
should improve overall MMI performance. 
O/E indices. – Our results indicate that the effects of excluding locally rare taxa on O/E 
index performance are not yet fully understood. In contrast to Van Sickle et al.’s (2007) 
observation that excluding rare taxa tends to improve index precision, we found that excluding 
locally rare taxa in this dataset decreased index precision over much of the range of Pc. Because 
rare taxa are often less predictable than more common taxa, excluding them should increase 
index precision. However, increasing the Pc value used in an O/E index also decreases the 
magnitude of E, the number of taxa predicted to occur at any given site. As E decreases, the 
effect of a random non-detection of a taxon in a sample on the O/E score increases. This means 
that when E is small, the effects of random sampling error will likely be high, and index precision 
may be reduced.  For instance, increasing Pc from 0 to 0.5 decreased average expected richness 
at NV reference sites from 32.2 to 8.7. This effect was smaller in the CO data with a decrease 
from 27.0 to 10.8. In some cases, the effect of improved predictability from excluding locally 
rare taxa may be countered by the increased effect of random sampling error. In general, the 
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optimal Pc value is likely to vary from region to region, and identifying the optimal Pc will require 
calculating O/E performance measures at several Pc values. 
Regional differences in index performance 
The NV O/E indices were relatively imprecise compared with the CO index as well as 
several indices developed for other regions. For instance, the SD of reference site O/E values 
based on Pc ≥ 0.5 for the Mid-Atlantic Highlands (SD=0.18, Van Sickle et al. 2005), the Interior 
Columbia River Basin (SD=0.11, Hawkins et al. 2010a) and the states of California (SD=0.16, 
Hawkins et al. 2000b) and Oregon (SD=0.17, Van Sickle et al. 2006) are all more precise than the 
NV O/E-5 index (SD=0.26). In addition, both Yuan et al. (2008) and Hawkins (2009) observed that 
O/E indices for plains regions tended to be less precise than indices developed for mountainous 
regions. This decreased precision could result from either increased temporal variability in arid 
plains streams (e.g. higher frequency of drying events) or because environmental characteristics 
that are good predictors of assemblages in mountainous streams are not applicable in lowland 
streams. Because the NV O/E indices include both mountainous and lowland streams, either of 
these mechanisms could explain the decreased precision observed in NV. However, the 
precision of reference site O/E scores from only mountainous sites in NV (defined from the EPA 
level IV ecoregions, n=111) is nearly the same as that for the full indices (CV = 0.21 for Pc > 0 and 
CV = 0.22 for Pc ≥ 0.5). We therefore suspect that the physical isolation of streams in NV 
probably results in reduced predictability of NV invertebrate assemblages. Where habitat 
isolation limits colonization, environmentally similar habitats will not necessarily contain similar 
assemblages – hence the high beta diversity values observed in NV. This interpretation is 
consistent with current metacommunity theory (e.g. Leibold et al. 2004). In environmentally 
heterogeneous regions, both beta and regional diversity have been shown to decrease with 
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increased connectivity and dispersal between habitats (Forbes and Chase 2002, Matthiessen et 
al. 2010). When dispersal is limited, the spatial distributions of dominant taxa are reduced and 
both beta and regional diversity are increased (Matthiessen et al. 2010). If dispersal is limited 
among NV streams, taxon presence will not be well predicted by environmental suitability alone. 
In contrast, predictions of taxon occurrence based on environmental suitability should be more 
accurate in regions with more connectivity, and indices developed for these regions are likely to 
be more precise. In general, the environmental and biological properties of a study area, such as 
habitat isolation and dispersal ability of taxa, likely affect the predictability of assemblages and 
may limit the precision of bioassessment indices. 
Effects of sample evenness on index performance 
Variations in sample evenness may reduce the performance of bioassessment indices 
derived from small, fixed-count samples. Because sample evenness can affect estimates of 
richness and composition, differences in sample evenness can bias and reduce precision of 
bioassessment indices. If bioassessments were based on census data, differences in assemblage 
evenness would be irrelevant to index performance. However, a census is impractical for 
invertebrate assemblages, and richness and composition must therefore be estimated from 
representative samples. Samples from assemblages with low evenness will underestimate 
richness relative to more even samples. This effect will be most problematic when sample sizes 
are relatively small, as is often the case in essentially all bioassessments (Cao and Hawkins 
2005). As demonstrated by the differences between NV and CO (Table 2-6), the strength of the 
relationship between sample evenness and estimates of richness is likely to vary, but factors 
that affect evenness and the strength of the relationship between richness and evenness are 
unclear. Post hoc adjustments of index scores will be most beneficial where this relationship is 
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strong. The strong relationship between the NV MMI and sample evenness is likely the result of 
including four metrics that are likely to be affected by evenness (insect richness, Shannon 
diversity, non-insect richness, and clinger richness). If those individual metrics are all affected by 
sample evenness, then the effects of sample evenness may be amplified when they are 
combined in an MMI. Because MMIs often include several metrics that are likely to be affected 
by evenness, the effects of evenness may be especially problematic for MMIs. Our results 
indicated that low evenness may be associated with degradation in both NV and CO streams 
(Fig.2-6), but Cao and Hawkins (2005) showed that evenness can either increase or decrease 
with stress. Regardless of the sources of variation in evenness, we need to minimize its effect on 
estimates of index scores unless evenness is an explicitly defined assemblage attribute desired 
in an MMI. DNA-based methods may eventually allow us to enumerate taxa and estimate 
richness from very large samples (e.g.  Pfrender et al. 2010, Hajibabaei et al. 2011) and hence 
reduce the dependency of richness estimates on sample evenness. However, until these 
methods are more practical, post hoc adjustments of O/E and MMI scores may be the only 
realistic way to minimize the effects of sample evenness on index values. 
Implications for future bioassessments 
To develop statistically and ecologically robust bioassessment indices, we need to 
thoroughly assess the performance of the indices we develop and strive to improve their 
accuracy and precision. In particular, researchers need to account for natural variability in biota, 
select appropriate biological information for use in indices, and minimize the effects of sampling 
variability and error. Previous studies provide some guidelines for addressing these issues, but 
more comprehensive approaches are needed that can allow us to scrutinize how both sampling 
artifacts and naturally occurring ecological properties affect index performance. 
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Table 2-1. Watershed size classes and land use thresholds used to define reference condition. 
Variable  
Small 
Watersheds 
Medium 
Watersheds 
Large 
Watersheds 
Area (km2)  ≤ 164 164-3380 >  3380 
Count 346 93 61 
% Agriculture  0 1 ≤ 2 
% Urban  0 ≤ 1 ≤ 2 
% Near (3 km) Agriculture  0 ≤ 3 ≤ 5 
% Near (3 km) Urban  0 ≤ 3 ≤ 5 
NDPES discharges (number)  0 NA NA 
 
 
  
36 
 
Table 2-2. Potential macroinvertebrate metrics used in MMI development. 
 
  
Name Description 
CHIR-RICH Chironomid taxa richness 
CLING-RICH Clinger taxa richness 
EPHEM-RICH Ephemeroptera taxa richness 
EPT-RICH Ephemeroptera, Plecoptera, Trichoptera richness 
HBIINT1-RICH Number of taxa with Hilsenhoff family level Biotic Index value = 0, 1, or 2 
(intolerant) 
HILLEVEN Hill evenness 
INS-RICH Insect taxa richness 
LLT-RICH Long-lived taxa richness 
NON_INS-RICH Non-insect taxa richness 
%CF Collector-filterer relative abundance 
%CHIR Chironomid relative abundance 
%CLING Clinger relative abundance 
%DOMT5 Relative abundance of the five most dominant taxa 
%DOMT Relative abundance of the dominant taxon 
%EPHEM Ephemeroptera relative abundance 
%EPT Ephemeroptera, Plecoptera, Trichoptera relative abundance 
%HBIINT1 Relative abundance of taxa with Hilsenhoff family level Biotic Index value = 
0, 1, or 2 (intolerant) 
%HYDRA Hydra relative abundance 
%PLEC Plecoptera relative abundance 
PLEC-RICH Plecoptera richness 
PREY-RICH Prey taxa richness 
PRED-RICH Predator taxa richness 
RARE1-RICH number of rare taxa ≤ 1% of total abundance 
RARE10-RICH number of rare taxa ≤ 10% of total abundance 
RARE20-RICH number of rare taxa ≤ 20% of total abundance 
RARE5-RICH number of rare taxa ≤ 5% of total abundance 
TOT-RICH Total taxa Richness 
SCRP-RICH Scraper taxa richness 
SHDIVER Shannon diversity 
SHRED-RICH Shredder taxa richness 
SIDIVER Simpson diversity 
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Table 2-3. RF models for metrics included in modeled and unadjusted MMI. RF % Var = % 
variation of reference site metric values explained in RF model. Predictors are arranged by 
variable importance with decreasing importance from left to right. 
Metric RF % Var 
 
Predictors 
SHDIVER <10.0 
 INS-RICH 20.1 ELVmax_WS, WSA, Tmax_WS, PrdCond, Pmin_WS  
%EPHEM 21.3 
WDmax_WS, Tmax_WS, ELVmax_WS, HYDR_WS, BFI_WS, 
Pmax_WS 
%HYDRA 22.9 Tmax_PT, WSA, Pmax_WS, ELVmin_WS 
%CF 23.7 
Pmax_PT, ELVmin_WS, Pmax_WS, WS Slope, Tmax_WS, 
WSA, HYDR_WS 
LLT-RICH 31.0 
WS Slope, ELVmin_WS, Tmax_WS, PrdCond, Tmax_WS, 
WSA, HYDR_WS 
EPHEM-RICH 32.7 WDmax_WS, WSA, Pmax_WS, PrdCond 
NON_INS-
RICH 33.9 
WDmax_WS, Tmax_WS, HYDR_WS, Pmax_WS, PrdCond, 
ELVcv_PT 
%PLEC 36.8 Pmin_WS, BFI_WS, Pmax_WS, Tmax_WS, WSA 
CLING-RICH 39.9 WDmax_WS, WSA, BFI_WS, Pmax_WS 
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Table 2-5. Index performance measures. RF % Var = % variance of reference site scores 
associated with natural gradients. 
 
Index Reference samples 
(n = 165) 
Test samples 
(n = 416) 
Most degraded samples 
(n = 60) 
  Precision: Bias:  Sensitivity:  Responsiveness: 
 Mean CV RF % 
Var 
Mean % non-ref Mean t-value 
O/E-0 1.00 0.21 0.1 0.89 23.3 0.57 12.2 
O/E-0-null 1.00 0.23 11.7 0.90 22.6 0.57 12.0 
O/E-5 1.06 0.25 0.0 0.94 19.5 0.64 10.5 
O/E-5-null 1.00 0.32 7.7 0.87 18.3 0.55 9.3 
Modeled 
MMI* 
1.00 0.11 0.0 0.90 34.9 0.64 16.2 
Null MMI* 1.00 0.21 22.3 0.89 19.5 0.67 10.7 
CO-O/E-0 1.02 0.19      
CO-O/E-5 1.00 0.13      
* MMI scores standardized by dividing by reference score mean. 
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Table 2-6. Regression models between sample index scores and sample evenness and the 
change in index precision (CV) after adjustment for evenness. 
Index    r2 slope Original CV Adjusted CV p-value 
NV O/E-0 0.33 1.50 0.21 0.18 <0.0001 
NV O/E-5 0.19 1.20 0.25 0.24 <0.0001 
NV MMI 0.42 1.20 0.11 0.08 <0.0001 
CO O/E-0 0.08 0.63 0.18 0.17    0.01 
CO O/E-5 0.02 0.28 0.13 0.12    0.11 
 
 
 
 
Table 2-7. Confusion matrices showing differences in assessments of biological condition from 
raw versus evenness adjusted index scores at NV test sites. 
NV O/E-0   Adjusted 
  
Degraded Reference 
R
aw
 
Degraded 60 37 
Reference 14 305 
 
   NV O/E-5   Adjusted 
  
Degraded Reference 
R
aw
 
Degraded 68 13 
Reference 9 326 
   
  
NV MMI   Adjusted 
  
Degraded Reference 
R
aw
 
Degraded 128 17 
Reference 32 239 
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Fig.2-1. Benthic invertebrate sampling locations. Some sites in near proximity to NV were 
included for index development and evaluations. 
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Fig.2-2. Bivariate plots of reference (open circles) and flagged test sites (black circles) along 
environmental gradients used to detect deviations from model experience in test data. 
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Fig.2-3. Variation in O/E index precision, sensitivity in inferring impairment (IAD = inferred as 
degraded), and mean expected richness of reference sites with Pc thresholds. 
 
 
 
 
 
Fig.2-4. Bivariate plots of index scores at test sites. Plots shown with regression lines (solid) and 
1:1 lines (dashed) for reference. 
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Fig.2-5. Box plots of expected (E) and observed (O) richness for NV and CO samples with Pc > 0 
(A) and Pc ≥ 0.5 (B). 
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Fig.2-6. Box plots and ternary plots of shared and unique numbers of taxa for all  pair-wise 
comparisons between reference samples from the NV (left) and CO (right). 
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Fig.2-7. Box plots of NV (left) and CO (right) sample evenness by site type. 
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CHAPTER 3 
LINKING LAND USE, INSTREAM STRESSORS, AND BIOLOGICAL CONDITION OF STREAMS 
TO INFER LIKELY CAUSES OF IMPAIRMENT2 
Abstract 
 Bioassessments are important tools for identifying biological impairment in stream 
ecosystems, but the causes of biological degradation must be identified when developing 
effective restoration or remediation strategies. Identifying the specific stressors responsible for 
biological degradation can be challenging because many types of stress represent deviation 
from natural levels of a physical or chemical attribute rather than the simple addition of a 
contaminant of anthropogenic origin. Because many natural physical and chemical attributes 
can vary markedly from stream to stream, stress must be interpreted in the context of site-
specific expectations for those attributes. We quantified linkages between biological condition, 
in-stream stressors, and land use to identify likely causes of biological degradation and their 
sources in streams of Nevada, USA. We defined potential stress as the site-specific difference 
between an observed (O) level of a physical or chemical attribute and that expected (E) to occur 
under natural conditions. We considered four categories of potential stressors: dissolved metals, 
total dissolved solids, nutrients, and stream temperature. We then used two sets of Random 
Forest models to quantify relationships between (1) biological condition and O-Estress and (2) 
measured stressor values and anthropogenic land uses. Based on multiple lines of evidence, we 
concluded that total dissolved solids (as measured by electrical conductivity) and metal 
contamination were the stressors most strongly associated with biological degradation in 
Nevada streams. The most likely sources of excessive levels of these stressors were agriculture, 
                                                          
2
 Coauthor: Charles P. Hawkins 
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urban development, and mining. Although excessive conductivity has been linked to biological 
degradation in other streams, conductivity is generally not regulated by current water quality 
standards. Sufficient evidence now exists to justify developing conductivity criteria for streams. 
Our results emphasize the importance of interpreting stress in the context of natural variation in 
stressor levels associated with both point- and non-point sources of pollution. For many 
pollutants, this approach will require the development of models capable of predicting natural 
variation in physical and chemical reference conditions. 
Introduction 
The physiochemical properties of stream water are an important determinant of 
invertebrate assemblage composition. When human activities cause these properties to exceed 
their natural range of variation, they can be considered stressors (Townsend et al. 2008) that 
may alter and degrade ecological communities. Many types of stressors can adversely affect 
aquatic macroinvertebrate assemblages (e.g. Clements et al. 2000, Van Sickle and Paulsen 2008, 
Hentges and Stewart 2010, Nicola et al. 2010, Chinnayakanahalli et al. 2011). However, the 
pathways by which they enter and alter aquatic ecosystems are not always well understood. 
Anthropogenic activities that can alter physiochemical properties of stream water include urban 
development (e.g. Paul and Meyer 2001, Walsh et al. 2005), agriculture (e.g. Collins and Jenkins 
1996, Richards et al. 1996, Johnson et al. 1997), impoundment (e.g. Preece and Jones 2002), 
agriculture (e.g. Collins and Jenkins 1996, Johnson et al. 1997, Matthaei et al. 2010), and mineral 
extraction (e.g. Smolders et al. 2003, Clements 2004). These land uses and the resulting changes 
in streams are all potential sources of biological degradation. 
To conserve and restore the biological condition of streams, we need to be able to 
identify the causes of biological degradation. Bioassessments are important tools for measuring 
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biological condition and detecting degradation of stream ecosystems, but alone do not identify 
the important stressors associated with degradation or the sources of those stressors. 
Bioassessments are commonly based on a reference site approach in which aspects of the 
assemblage observed at a site are compared to those that are expected in the absence of 
human impacts (Hawkins et al. 2010b). Observed biological degradation is assumed to be caused 
by one or more stressors, but relationships between biological condition and stressors have not 
been thoroughly assessed (Sloane and Norris 2003). Furthermore, the responsiveness of 
bioassessment indices to specific stressors is often unknown (Freund and Petty 2007). Models 
that link bioassessment indices, stressors, and land uses could help verify the sensitivity of 
bioassessment indices to stressor gradients, quantify the effects of stressors on biological 
communities, and identify the relative importance of different stressors and their sources. 
Although many stressors are known to cause stream degradation, diagnosing the 
stressors responsible for degradation at specific sites is still problematic. Several frameworks 
have been suggested to identify the causes of stream degradation (e.g. Suter et al. 2010, Allan et 
al. 2011, Norris et al. 2012). Because cause and effect can rarely be inferred from single studies 
(Norris et al. 2012), many of these methods are based on a weight of evidence approach to 
determine the most likely causes of impairment (Suter et al. 2010). Inferring the cause of 
degradation requires the identification of a causal mechanism and a consistent and strong 
association between the hypothesized cause and effect (Norris et al. 2012). Plausible causal 
mechanisms have been identified for many stressors, but accurately quantifying associations 
between hypothesized causes and effects can be difficult. This process is often complicated by 
the presence of natural gradients and the complex effects of co-occurring stressors (Allan et al. 
2011). 
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To accurately attribute degradation of biological condition to stressors, the effects of 
anthropogenic degradation must be separated from natural variation in both the biota and 
physicochemical properties of streams. Biota vary along both natural and anthropogenic 
gradients, and failure to account for natural biotic variation leads to a confounding of natural 
and anthropogenic effects and increased type I and type II errors of inference (Cao et al. 2007, 
Hawkins et al 2010a). Bioassessment indices that account for natural biotic variability among 
sites can be used to isolate the effects of anthropogenic degradation and more confidently 
attribute variation in index scores to anthropogenic factors. Some stressors may also vary along 
both natural and anthropogenic gradients, and this natural variability must be accounted for to 
accurately attribute the presence of stressors to human land uses.  However, until recently, 
there have been few approaches for accounting for natural variability in the spatial distributions 
of stressors. Similar to the reference condition approach used in bioassessments, models that 
estimate expected natural physiochemical properties of individual streams could be used to 
better account for natural variability in stressor distributions. Potential stressors such as stream 
temperature, electrical conductivity (EC), and nutrients vary along natural gradients, and the 
degree of alteration that has occurred at a site can be obscured by these strong natural 
gradients. Currently, models are available to estimate expected site-specific stream EC (Olson 
and Hawkins 2012a), total nitrogen and phosphorus (Olson and Hawkins 2012b), and summer 
water temperature (Hill et al. 2012) for our study area, and these models should be useful in 
accounting for natural variability in these potential stressors.  
Accurately modeling complex relationships between stressors and biological condition 
in multi-stressor environments can also be problematic (Allan 2004, Townsend et al. 2008). 
Stressors may have interactive effects and can elicit non-linear responses in biota (Townsend et 
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al. 2008). However, understanding the real-world effects of stressors and identifying meaningful 
stressor thresholds require the analysis of multi-stressor data (Townsend et al. 2008). Modeling 
techniques that are robust in detecting interactions among predictors and non-linear responses 
should improve our ability to quantify complex relationships in multi-stressor environments. 
Our main objective in this study was to identify the most likely causes of biological 
impairment in streams flowing through the state of Nevada (NV), USA. To do this we: 1) 
quantified individual and cumulative effects of stressors on biological condition, 2) assessed the 
interactive effects of co-occurring stressors on biota, and 3) identified general sources of 
different stressors. 
Methods 
 We considered four types of potential stressors to stream biota: total dissolved solids as 
measured by EC, nutrient enrichment, thermal alteration, and trace metal contamination. To 
identify important stressors and their sources, we developed two sets of models: one set to link 
measures of biological condition to in-stream stressors and one set to link spatial distributions of 
stressors to gradients of land uses (Fig. 3-1). Together these models link watershed-scale land 
uses to reach-scale stressors, and reach-scale stressors to biological condition of sample sites. 
Data and indices 
 We used two benthic invertebrate based bioassessment indices previously developed 
for NV streams to characterize biological condition of stream sites (Vander Laan and Hawkins 
2012). One index is a multimetric index (MMI) consisting of seven metrics: insect richness, 
Ephemeroptera relative abundance, Shannon diversity, collector-filterer relative abundance, 
Plecoptera relative abundance, non-insect richness, and clinger richness. The other index is an 
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observed to expected (O/E) ratio of community completeness. These indices were developed 
from samples collected at 165 reference sites throughout NV and surrounding areas (Fig. 3-2). 
Samples were collected by the NV Department of Environmental Protection (NDEP), the USEPA, 
and Utah State University. Both indices were based on a modeling approach that accounts for 
variation in either metric values or taxonomic composition associated with natural 
environmental gradients. Reference site scores for both of these indices are centered on one, 
and scores below one indicate anthropogenic degradation. 
In addition to the 165 reference samples used in index development, 401 invertebrate 
samples from test sites throughout NV with corresponding stressor information were available 
from the NDEP dataset. We assessed biological condition for all test sites by calculating O/E and 
MMI scores. Water samples were collected by the NDEP during summer low-flow conditions. To 
characterize chronic stress at test sites, we calculated mean temperature, EC, dissolved metal 
concentrations, and nutrient concentrations. Means were derived from multiple samples 
collected at each site between the years 2000 to 2010 (average number of samples per site = 8). 
EC was measured as µSiemens/cm (µS/cm), and nutrients were measured as concentrations 
(µg/L) of total nitrogen and total phosphorus. Metal concentrations were measured as dissolved 
metals (µg/L). We used dissolved metals because this measure is generally considered to be 
most representative of the biologically available portion of metals in aquatic systems (Reiley 
2007). Water chemistry data was also available from the NDEP for 68 of the reference samples 
used for index development, and we included these samples in the models relating land uses, 
stressors, and biological condition to ensure that the full ranges of land uses and stressor 
gradients were represented. 
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Modeling approach 
We developed Random Forest (RF) models to identify and quantify relationships 
between land uses, stressors, and biological condition. RF models combine predictions from 
numerous regression or classification trees to produce robust and accurate predictions (Cutler 
et al. 2007). RF models can be used for both classification and regression, and have significant 
advantages over other statistical methods such as the ability to model complex interactions 
among predictors and resistance to model over-fitting (Cutler et al. 2007). Individual 
relationships between predictors and the response variable are assessed with variable 
importance measures and partial dependence plots. Variable importance in an RF model is 
measured as the percent increase in mean squared error of the model when the variable is 
randomly permuted. Partial dependence plots characterize the effect of an individual predictor 
on the response by plotting predicted values across the gradient of a predictor while accounting 
for the effects of all other predictors (Hastie et al. 2001). Because RF can model complex 
interactions between predictors, it is well suited for assessing individual, cumulative, and 
interactive effects of stressors on stream invertebrate assemblages. Bivariate partial 
dependence plots, which characterize the joint effects of two predictors on the response, can be 
used to assess interactive effects. 
 Quantifying relationships between biological 
 condition and stressors 
To quantify individual relationships between biological condition and individual 
stressors, we built RF regression models with index scores as responses and stressors as 
predictors, hereafter biota-stressor models. We developed two biota-stressor models: one with 
O/E scores as a response and the other with MMI scores as the response. We included all 
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measured stressors in these models so we could examine both the effects of individual stressors 
and the potential interactive effects among stressors on biological condition. Failure to account 
for interactions among correlated stressors could lead to biased assessments of the biological 
response to individual stressors. We then used univariate and bivariate partial dependence plots 
of index scores on stressors to assess the associations between biological index values and 
different stressors and identify meaningful thresholds associated with biological degradation.  
For many potential stressors, measured values include contributions from both natural 
sources and anthropogenic activities. Therefore, the use of measured values in biota-stressor 
and stressor-land use models could lead to inaccurate assessments of the effects of land uses on 
stressors and stressors on biota. Of the stressors we examined, TDS, nutrients, and temperature 
can exhibit marked natural variation among streams. We therefore used existing models to 
estimate expected site-specific reference conditions for TDS (Olson and Hawkins 2012a), total 
nitrogen and phosphorus (Olson and Hawkins 2012b), and stream temperature (Hill et al., 2012). 
We then subtracted expected values from observed values and used these O-E estimates as 
measures of physiochemical alteration in the biota-stressor and stressor-land use models. 
Because we lacked a practical way of assessing natural variation in metal concentrations among 
sites, we assumed background concentrations were zero, i.e., O-E = O. 
To quantify the cumulative effects of stressors on biological condition, we developed RF 
models to predict biological condition classes (i.e. reference or impaired) from stressor 
information. We classified sites as being in either reference or impaired biological condition 
based on a one-sided, non-central equivalence test that compared the score of an assessed site 
with the distribution of reference site scores (Vander Laan and Hawkins 2012). We considered a 
site to be in reference condition if the index score was inferred to be above the fifth percentile 
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of the distribution of reference site scores with 95% confidence. We considered sites with index 
scores below this threshold to be impaired. We then developed RF models to predict biological 
state (reference or impaired) as a function of the mix of stressors measured at each site. 
Relating stressors to land uses 
We developed several RF models to relate biologically important stressors (i.e. those 
used in biota-stressor models) to land uses within watersheds. We included both land use and 
natural environmental characteristics as predictors of measured stressor levels to determine the 
relative importance of human versus natural factors in driving variability in stressors among 
streams. We used a geographic information system (GIS) to characterize both land use and the 
natural environmental characteristics of each watershed (Appendix A). We obtained land cover 
information from the National Land Cover Database (NLCD) produced by the Multi-Resolution 
Land Characteristics Consortium (Homer et al. 2007) to calculate the percent of area in each 
watershed that was classified as agricultural or urban land use and the percent of the watershed 
within 3 km upstream from the sample site that was classified as agricultural or urban land use. 
We obtained mining data from the USGS mineral resources data system 
(http://mrdata.usgs.gov) and characterized mining activity as the density of known mine sites in 
each watershed. We characterized dams within the watershed as the total dam volume and the 
volume of the largest dam within each watershed (both standardized by dividing by watershed 
area) as defined by the National Inventory of Dams (USACE, 2006). We extracted thirty-year 
average air temperature and precipitation information from grids produced by the PRISM 
climate group (Daly et al. 2008). We used geologic (Reed and Bush 2001) and soil (Wolock 1997) 
data to define geology and soil properties of each watershed. We characterized watershed 
topography as watershed size; the mean, minimum, and maximum watershed elevation; and 
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watershed slope calculated as the change in watershed elevation (maximum elevation minus 
minimum elevation) divided by the maximum flow length. We also used two measures to 
characterize hydrologic regime: (1) mean base flow index (Wolock 2003) and (2) a measure of 
hydrologic stability calculated as the minimum mean monthly discharge divided by the 
maximum mean monthly discharge interpolated from USGS gauging stations. 
We developed models iteratively by including all potential predictors first, and then 
removing predictors that had low predictive power, were highly correlated with other 
predictors, or lacked an interpretable relationship with the response. For nutrients, TDS, and 
temperature, we included model derived expected values as predictors and excluded all other 
natural predictors. For metals, potential predictors included all measures of land uses and all 
measures of natural environmental characteristics (Appendix A). We retained anthropogenic 
factors with interpretable relationships with the response variables, even if they were relatively 
weak predictors so that we could assess associations between land uses and stressors. We used 
the percent variation in each stressor explained by the models, variable importance measures, 
and partial dependence plots to assess the performance of models and interpret relationships 
between land use and stressors. 
Results 
Stressor levels 
 Stressor levels varied considerably among sites (Table 3-1), although they were 
relatively low at most sites. Arsenic was the most variable potential stressor followed by total P 
and EC. 
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Relationships between biological condition and stressors 
O/E scores were negatively associated (R2=0.22) with O-E EC, copper, zinc, and O-E 
stream temperature (Fig. 3-3). O-E EC and arsenic were the most important predictors of O/Etaxa, 
and produced the strongest negative responses (Fig. 3-4). O/Etaxa declined steadily with 
increases in EC above expected natural conditions and with increasing arsenic. Decreases in 
O/Etaxa were also weakly associated with increases in copper and zinc and with cooling stream 
temperature.  
MMI scores were also negatively associated (R2=0.15) with a suite of stressors including 
arsenic, O-E EC, O-E temperature, and O-E nutrients (Fig. 3-3). Arsenic, O-E temperature, and O-
E EC were the most important predictors of MMI scores (Fig. 3-4). Decreases in MMI scores 
were most strongly associated with arsenic (Fig. 3-3). Decreases in MMI were also associated 
with increases in O-E EC, O-E total N, O-E total P, and decreases in stream temperature. Unlike 
O/Etaxa, the MMI was generally insensitive to variation in zinc and copper (Fig. 3-3). 
Interactive effects of stressors 
 Bivariate partial dependence plots indicated that co-occurring stressors generally had 
additive effects on biota (Fig. 3-5). For example, the joint effects of elevated EC and zinc on 
O/Etaxa were greater than the individual effects of elevated levels of either stressor. For O/Etaxa, 
we observed similar patterns for all combinations of stressors. In the MMI model, additive 
effects were also apparent with combinations of O-E EC and arsenic, O-E EC and O-E 
temperature, and O-E total P and O-E total N. However, we also observed small mitigating 
effects of increased nutrients on arsenic (Fig. 3-5). 
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Inferring biological condition class from stressors 
Stressors were generally good predictors of biological condition class. RF models 
predicted O/Etaxa biological condition classes with about 79% accuracy and MMI condition 
classes with about 70% accuracy. Although overall accuracy of predictions of biological condition 
was generally high, the prediction error for degraded sites was much higher than for reference 
sites (Table 3-2). 
Relating stressors to land uses 
 In-channel stressor levels were associated with land use gradients and environmental 
characteristics (Appendix B). The RF models accounted for between 32% and 93% of spatial 
variation in stressors (Table 3-3). Altered EC was the most predictable stressor, and arsenic was 
the least predictable stressor. Land uses were important predictors of all stressors except 
arsenic (Table 3-3). For all stressors, except O-E total P, the percent of the entire watershed 
classified as urban or agriculture was a better predictor of stressor levels than the percent of the 
watershed within 3 km upstream from the sample site. Metals such as copper and zinc tended 
to be associated with urban development and mining within watersheds. Altered EC and 
nutrient levels were positively associated with agriculture and urban development. Stream 
temperature was also positively related to agriculture, but negatively associated with 
urbanization. 
Discussion 
 Restoring the biological integrity of degraded streams requires that we identify the 
stressors that are causing degradation and the sources of those stressors. Although 
bioassessments are useful tools for identifying biological degradation, they do not identify the 
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causes of this degradation. We used a modeling approach to quantify relationships between 
biological index scores, potential stressors, and measures of watershed alteration. In doing so, 
we addressed two major challenges for quantifying relationships between biota, stressors, and 
land uses: 1) separating anthropogenic effects on stream ecosystems from natural variation in 
both stressors and biota, and 2) assessing the relative, cumulative, and interactive effects of co-
occurring stressors on biotic condition. To identify the most likely causes of biological 
degradation, we built on weight of evidence approaches developed by others (e.g. Suter et al. 
2010, Allan et al. 2011, Norris et al. 2012). In a weight of evidence approach, confidence in 
inferences increases when observed relationships between stressors and biota are consistent 
with established causal mechanisms. 
Index responsiveness to stressors 
As we observed, different biological indices may be differentially responsive to the same 
stressors. These differences in responsiveness have implications for interpreting the biological 
effects of stressors on aquatic ecosystems. The higher responsiveness of the O/Etaxa index than 
the MMI to stressors may have occurred for at least two reasons. First, differences in how 
indices are calibrated may affect their responsiveness (Hawkins et al. 2010a). For example, 
O/Etaxa indices are calibrated with only reference data, whereas MMIs are calibrated with both 
reference sites and pre-defined degraded sites. Although calibrating an index with data from 
disturbed sites should generally lead to high responsiveness, MMIs may show dampened 
response to high levels of stress or to novel stressors if the degraded sites used in calibration do 
not adequately characterize the complete stressor gradient within a region (Hawkins et al. 
2010a). Second, O/Etaxa and an MMI measure somewhat different biological properties of the 
same assemblage, The responsiveness of an MMI may be dampened by the aggregation of 
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information from individual taxa into composite metrics that describe community-level 
attributes (trophic structure, diversity, etc.). Because sensitivity to stressors varies among taxa 
that contribute information to a metric, the overall responsiveness of a metric should be some 
average function of responses of those specific taxa that contribute to a metric. Furthermore, an 
MMI as a whole is comprised of individual metrics that may differ in their response to any given 
stress. O/Etaxa is not prone to these averaging effects, because reductions in O/E occur when 
individual taxa expected at a site are lost, presumably due to stress and in order of their 
sensitivities to local stressors. 
Accounting for natural variability in both biota and stressors 
 Many bioassessments and causal analyses are potentially confounded by spatial co-
variation of naturally occurring features and human alteration of the environment. For example, 
more human-associated alteration has occurred in lowland than upland settings. Our use of 
modeled bioassessment indices (Vander Laan and Hawkins 2012) allowed us to account for the 
effects of naturally occurring environmental variability on biota and more confidently attribute 
changes in stream macroinvertebrates to anthropogenic stressors. We were able to use a similar 
approach to better understand when physicochemical conditions likely exceeded levels 
expected at individual sites, which allowed us to more accurately describe both biota-stress 
relationships and stress-land use relationships. 
The quantification of stressors can be an especially difficult problem when analyzing 
field data. For novel stressors such as pesticides, a direct measure of the concentrations 
observed at each site is a relevant estimate of exposure because natural background 
concentrations must be zero. In this study, we assumed that background concentrations of trace 
metals were also zero. This assumption may not have been completely robust, though, because 
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relatively high levels of metals can result from natural geologic sources (Schmidt et al. 2012). We 
were not able to account for potential natural sources of trace metals in our study area. 
However, the levels of metal concentrations that we observed at reference sites were below 
those considered toxic 
(http://water.epa.gov/scitech/swguidance/standards/criteria/current/index.cfm) which 
suggests that natural background metal concentrations may be generally low in the study 
region. Many other stressors represent human-caused changes in physicochemical conditions 
that naturally vary among locations, e.g., water chemistry, temperature, sediment, and 
nutrients. In these cases, potential stress is best measured as deviation from natural conditions. 
Because we were able to estimate deviation from expected reference condition for EC (Olson 
and Hawkins 2012a), nutrients (Olson and Hawkins 2012b), and temperature (Hill et al. 2012), 
we were able to strengthen inferences regarding both the effect alterations in these factors 
have on biota and the land use activities that are associated with their alteration.  
Interactive effects of EC and metals on biota 
 We expected to see an ameliorating effect of increasing EC on the effects of metal 
contamination on O/Etaxa and MMI values, because the bioavailability, and hence toxicity, of 
metal ions is reduced by the prevalence of other dissolved ions (Clements et al. 2000, Schmidt et 
al. 2010). However, our observation of additive effects of increases in O-E EC and metal 
contamination (Fig. 3-5) suggests that any ameliorating effects of increased EC on metal toxicity 
were swamped by the differences in metal concentrations that occurred among sites. These 
results imply that scaling metal toxicity to local water chemistry conditions, as is done with 
cumulative criterion units (e.g. Clements et al. 2000, Schmidt et al. 2010), may not always be 
needed. We concluded that the RF models incorporated interactions between stressors and this 
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provided accurate estimates of each stressor’s effect on stream biota in the context of other 
stressors and naturally occurring factors. However, this interpretation needs to be tested within 
an experimental framework in which O/Etaxa, MMI values, and survival of individual taxa are 
assessed in response to joint variation in metal concentrations and EC.  
Stressor-specific relationships with biota and land uses 
Metals – Zinc, copper, and arsenic were all associated with degraded biological 
condition in our dataset, which is consistent with several other studies that report negative 
associations between the condition of invertebrate assemblages and metal contamination 
under either field (e.g. Clements et al. 2000, Cain et al. 2004, Pollard and Yuan 2006) or 
laboratory settings (e.g. Richardson and Kiffney 2000, Clements et al. 2002, Clements 2004). 
Furthermore, the causal mechanisms by which metals affect stream invertebrate communities 
are well established. Chronic metal contamination can increase invertebrate drift (Clements 
2004), alter ecosystem functions (Carlisle and Clements 2005), and reduce the fitness of some 
aquatic invertebrates (e.g. Wicklum and Davies 1996). This weight of evidence strongly supports 
the inference that metal contamination is a stressor of concern in NV streams. Zinc and copper 
were both strongly associated with human land uses such as urbanization and mining, which 
implies that these land uses may result in increased levels of contamination from these metals 
and subsequently, biological degradation. These relationships are consistent with previous 
findings (e.g. Paulson 1997, Beasley and Kneale 2002, Macklin et al. 2006, Wong et al. 2006, Xiao 
and Ji 2007) and indicate that these land uses contribute to metal contamination and biological 
degradation in NV and other streams. 
Arsenic was also associated with degraded biological condition, but it was not 
associated with land use gradients. It is unclear whether the biological associations with arsenic 
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that we observed can be attributed to anthropogenic degradation or if they result from 
naturally occurring arsenic in stream waters (e.g. Wilkie and Hering 1998). Determining if 
elevated arsenic levels result from natural conditions or human activities will require a detailed 
analysis of potential natural sources or arsenic, which was beyond the scope of this study. 
However, the toxic effects of arsenic on stream invertebrates are well established, and the 
observed associations with biological condition may still be relevant to streams with naturally 
low levels of arsenic. In general, improved ways to account for background metal concentrations 
in bioassessments and causal analyses (e.g. Schmidt et al. 2012) would benefit our 
understanding of how metal contamination and its possible sources may degrade stream 
ecosystems. 
Temperature – The associations we observed between stream cooling and biological 
degradation (Fig. 3-3) and between cooling and the presence of dams within a watershed (Table 
3-3) indicates that the cooling effects of large dams in a watershed can lead to biological 
degradation. However, these dams also cause a suite of other environmental changes (i.e. flow 
regime, stream bed characteristics) that may be confounded with decreases in stream 
temperature and have major effects on invertebrate assemblages (Vinson 2001). Although 
partial dependence plots did not show a strong dependence of either O/Etaxa or MMI on 
increases in temperature, the two lowest scores we observed for both indices were associated 
with extremely high stream temperatures (>34 ˚C). However, these samples were from sites 
influenced by hot-springs, and the apparent degradation we observed is unlikely to be 
associated with anthropogenic stressors. Bioassessment indices generally use watershed or 
reach scale environmental characteristics to predict expected invertebrate assemblages, and are 
therefore unable to account for the effects of such highly localized natural environmental 
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conditions. The response of these indices to high stream temperatures does indicate that they 
should be useful for detecting degradation caused by anthropogenic warming where it may 
occur. 
Nutrients – The O/Etaxa index and the MMI were unresponsive or only weakly responsive 
to nutrient enrichment. As opposed to stressors such as metals, temperature, and EC, it is 
unlikely that nutrient enrichment has a direct effect on stream invertebrate assemblages. 
Although oxygen depletion resulting from nutrient enrichment can have major effects on 
invertebrate assemblages, these effects are most common in lakes and estuaries, and are 
generally uncommon and localized in streams (Allan 2004). Because nutrient enrichment in 
streams is more likely to have a direct effects on algal assemblages, indices based on algae (e.g. 
Smith et al. 2007) may be better indicators of eutrophication than indices based on 
invertebrates. In fact, in naturally nutrient poor streams, modest increases in nutrients may 
increase macroinvertebrate abundance and richness and potentially compensate for the 
adverse effects of other stressors (e.g. Fig. 3-5, Hawkins et al. 2000). 
Total dissolved solids – The effects of EC on stream biota are less well established than 
that for many other stressors. However, increased EC was one of the most important predictors 
of biological degradation in NV streams. We observed biological degradation associated with 
any increase in EC above expected natural levels (i.e. O-E EC > 0). For our study area, this 
translates to absolute conductivities around 300 μS/cm or lower. This level of EC is well below 
levels associated with acute toxicity for most freshwater invertebrates (Blasius and Merritt 
2002, Kefford et al. 2003, Benbow and Merritt 2004, Kefford et al. 2005). Our results suggest 
that assemblage degradation associated with elevated EC may not result from toxicity, but from 
changes in assemblage composition stemming from changes in osmoregulatory niche space. 
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Increases in EC improve conditions for taxa that are intolerant of very low ionic strength water, 
and taxa that are adapted for low EC may be outcompeted and excluded from systems with 
elevated EC (Olson and Hawkins 2012c). The 300 μS/cm threshold we observed is similar to 
thresholds observed in Central Appalachian streams (U.S. EPA 2011), and may indicate a major 
natural threshold between freshwater invertebrate assemblage types. Although the primary 
driver of variation in EC among streams in our study was natural (Table 3-3), land uses such as 
agriculture, urbanization, and mining were also important predictors. Similar to our findings, 
others have also observed increases in stream EC associated with agriculture (e.g. Johnson et al. 
1997, Pan et al. 2004), urbanization (e.g. Wang 1997, Hatt et al. 2004), and mining (e.g. Pond et 
al. 2008, Palmer et al. 2010). The strong association between altered EC and these land uses 
implies that watershed alteration can lead to ECs that exceed natural ranges and therefore 
result in degraded biological condition. 
Implications for causal analysis of stream degradation 
 Inferring the causes of biological degradation in streams is a difficult process. However, 
we cannot effectively protect or restore stream ecosystems without understanding the causes 
of biological degradation at both local and regional spatial scales. In particular, causal analysis is 
complicated by two factors: 1) stressors that may vary along both natural and anthropogenic 
gradients and 2) the spatial co-variation of, and possible interactive effects between, stressors. 
Models that predict expected natural levels of EC, nutrients, and stream temperature (e.g. 
Hawkins et al. 2010b, Olson and Hawkins 2012a,b, Hill et al. 2012) can be used to account for 
some of the natural variability in these potential stressors and thus more accurately quantify 
levels of stress. However, similar, easily applied models do not yet exist for other important 
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stressors like sedimentation or acidification, and EC and nutrient models have only been 
developed for streams of the western United States. 
Additional research on how changes in EC affect freshwater communities is especially 
needed. Although we and others (e.g. Pond et al. 2008, U.S. EPA 2011) have linked changes in EC 
to changes in invertebrate assemblages, the causal mechanisms by which EC affects 
invertebrate fitness and survival are not well understood. Further work that establishes the 
physiological and ecological bases for invertebrate assemblage shifts near 300 μS/cm would 
greatly strengthen our understanding of this potentially critical stressor and how to best 
develop EC criteria that are protective of freshwater ecosystems. 
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Table 3-1. Minimum, maximum, and coefficient of variation of potential stressors across sites. 
Stressor min max CV 
EC (µS/cm) 22.00 3256.20 1.36 
Total P (µg/L) 0.00 2.60 1.97 
Total N (µg/L) 0.00 4.20 1.05 
Temperature (˚C) 6.16 34.81 NA 
Cadmium (µg/L) 1.00 2.00 0.14 
Arsenic (µg/L) 1.92 250.67 2.10 
Chromium (µg/L) 1.50 4.00 0.10 
Copper (µg/L) 1.67 5.67 0.17 
Lead (µg/L) 1.00 2.33 0.26 
Mercury (µg/L) 0.12 0.46 0.34 
Nickel (µg/L) 2.79 16.00 0.22 
Selenium (µg/L) 1.50 7.60 0.34 
Silver (µg/L) 1.25 2.00 0.09 
Zinc (µg/L) 8.13 157.00 0.66 
 
 
 
 
Table 3-2. Confusion matrices for predictions of biological condition. 
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  Reference Degraded Class Error 
  
  Reference Degraded Class Error 
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Reference 339 29 8% 
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Reference 257 62 19% 
Degraded 66 35 67% 
 
Degraded 81 69 54% 
 
 
 
 
 
73 
 
 
Table 3-3. Summary of RF models predicting biologically important stressors. RF % Var = percent 
of variation in each stressor that was explained by the model. Predictors are listed from left to 
right in order of importance. Signs in parentheses indicate the general direction of the stressor 
in response to a predictor. No sign indicates a complex or ambiguous relationship. 
Stressor RF % 
Var 
Predictors 
EC 
96 
Predicted EC (+), % watershed agriculture (+), mine denisty (+), % watershed 
urban (+)  
Temperature 
52 
Predicted stream temperature  (+), maximum dam volume (-), % watershed 
Ag (+) 
Total N 
47 
% Watershed urban (+),% watershed Ag (+), mine denisty (+), predicted total 
N (+) 
Total P 50 % watershed agriculture  (+), % watershed urban (+), predicted total P (+) 
Arsenic 32 watershed mean annual maximum precipitation (-), site elevation (-), 
watershed mean annual minimum temperature (+) 
Copper 80 % watershed urban (+), watershed mean annual maximum wet days (-), site 
elevation (-), watershed mean hydrologic stability (-), mine denisty (+) 
Zinc 62 % watershed urban (+), mine denisty (+), site elevation (-) 
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Fig. 3-1. Conceptual model identifying possible linkages between land uses, instream stressors, 
and biological condition. 
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Fig. 3-2. Benthic invertebrate sampling locations. Some sites in near proximity to NV were 
included for index development and evaluations. 
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Fig. 3-3. Partial dependence plots of O/Etaxa (left) and MMI (right) all stressors used in biota-
stressor models. 
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Fig. 3-4. Variable importance plots from biota-stressor RF models. 
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Fig. 3-5. Selected bivariate partial dependence plots showing the joint effects of pairs of 
stressors on O/Etaxa (top) and MMI (bottom). 
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CHAPTER 4 
SUMMARY AND CONCLUSIONS 
Managers of stream ecosystems are charged with the tasks of assessing, protecting, 
and, where necessary, restoring the biological integrity of streams. To do this, they must not 
only have tools to detect degradation, but also to identify likely causes of degradation. My thesis 
work focused on developing tools that can be used to measure biological condition, detect 
biological impairment, infer likely causes of degradation in Nevada streams, and identify 
potential sources of stressors. These tools should help managers to protect freshwater 
resources by improving their ability to identify biological degradation and its likely causes. 
 Bioassessments are commonly used to measure biological condition and detect 
degradation of streams, and are generally based on one of two types of biological indices: 
multimetric indices (MMI) and observed to expected (O/E) taxa ratios (Cao and Hawkins 2011). 
However, the performance of the biological indices we develop influences our ability to detect 
biological impairment, and although performance of indices can vary widely, the causes of this 
variability are of often unclear. We developed both multimetric and O/E indices to assess the 
biological condition of Nevada streams and determined whether index performance was 
associated with site isolation, beta diversity, and sample evenness. Sample evenness was 
positively associated with both estimates of richness and index scores. Post-hoc adjustments of 
index scores for sample evenness resulted in improved index precision, but also altered 
inferences of biological condition for several sites. Improved sampling may minimize the effects 
of sample evenness on index precision, but the biogeographic factors that influence the spatial 
distribution of biota in a region may still impose limits on the ability to predict assemblage 
composition and thus the performance of bioassessment indices. 
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Bioassessments may be particularly difficult to develop for generally arid, but highly 
heterogeneous regions like Nevada. The O/E indices we developed for Nevada were relatively 
imprecise compared with those developed for other regions. This relative imprecision may be 
the consequence of low assemblage predictability associated with spatial isolation of aquatic 
habitats in arid regions. In contrast, the Nevada MMI, which was based on a modeling approach 
to account for the variability of assemblage properties along environmental gradients, was much 
more precise than most previously developed MMIs. 
 Although there are many stressors known to cause stream degradation, identifying the 
stressors responsible for degradation at specific sites is problematic. Inferences regarding the 
specific stressors that are causing degradation can be challenging because stressors often co-
occur and can have interactive effects (Allan 2004, Townsend et al. 2008). In addition these 
types of cause and effect relationships can rarely be established in single studies (Norris et al. 
2012). Because of these challenges, determining causes of degradation often requires a weight 
of evidence approach (e.g. Suter et al. 2010, Allan et al. 2011, Norris et al. 2012).  In these 
approaches, causation can be inferred if there is a plausible causal mechanism and a consistent 
and strong association between the hypothesized cause and effect (Norris et al. 2012). In our 
study, conductivity and metal contamination were the stressors most strongly associated with 
biological degradation. Chronic metal contamination is known to cause several harmful effects 
on aquatic invertebrates (e.g. Thorp et al. 1979, Wicklum and Davies 1996, Richardson and 
Kiffney 2000, Clements 2004, Carlisle and Clements 2005). These established mechanisms 
combined with our finding of a strong association between metal contamination and 
degradation provides support for the inference that metal contamination is a stressor of 
concern in Nevada streams. The effects of conductivity on stream biota are less well established, 
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but conductivity was the one of the most important predictor of biological degradation in 
Nevada streams. However, the levels of conductivity at which we observed degradation are well 
below levels associated with direct toxicity of freshwater invertebrates. Our results suggest that 
degradation associated with elevated conductivity does not result from toxicity, but instead 
from changes in chemical niche space that result in changes in assemblage composition.  
Because important stressors like conductivity and metal contamination tended to be 
associated with land uses, the protection or restoration of biological integrity will likely require 
management techniques that mitigate the delivery of these stressors from sources to streams. 
The stressors that we identified may also be important in other landscapes. For example, 
elevated conductivity in streams resulting from mountaintop mining in Appalachian streams 
(e.g. Pond 2010, U.S. EPA 2011) and metal contamination in regions with widespread mining 
(e.g. Clements et al. 2000, Pollard and Yuan 2006) have both been linked to changes in 
invertebrate assemblages and overall stream degradation. Finally, although conductivity can be 
linked to stream degradation, it is not currently regulated by water quality standards, and 
managers should consider ways to establish conductivity criteria for streams. 
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Appendix A. Natural and anthropogenic variables used as potential predictors of stressors. 
Variable  Description 
AG_WS Percent of watershed classified as agriculture (Homer et al. 2007). 
BFI_WS Mean of all base flow index pixel values within the watershed. Estimates the 
percent of stream flow that is composed of ground water relative to event flow. 
Calculated from USGS generated  1-Km resolution grid of base flows derived by 
interpolating calculated base flows at 19,000 USGS stream flow gauging 
stations distributed across the conterminous USA (Wolock, 2003)  
CaO_Mean  Mean of all cells within the watershed, where cells represent the percent of the 
underlying bedrock composed of calcium oxide (CaO).  Percentages are the 
average percent CaO for all lithologies within a cell, weighted by lithology 
prevalence.  Lithologies and their prevalences were derived from the USGS 
Preliminary Integrated Geologic Map of the United States.  
DOM_GEOL Geology type with largest percent coverage within the watershed derived from 
a simplified version of Reed & Bush (2001) - Generalized Geologic Map of the 
Conterminous United States. 
ELVcv_PT  Coefficient of variation of elevations within a radius of 5 digital elevation model 
cells (30 x 30 meter resolution) of the sample site.  
ELVmax_WS Maximum watershed elevation in meters 
ELVmean_WS Mean watershed elevation in meters 
ELVmin_WS  Minimum watershed elevation in meters 
HYDR_PT GIS raster calculated as (MINxi) / (MAXxi), where xi = mean monthly discharge 
for month i for the period of record and xi ≥ 12 months of record.  Values were 
calculated for each of 9,941 USGS gauging stations in the western USA and 
values for unmeasured locations were interpolated using inverse-distance-
squared weighting of the 12 closest gauging stations within 100 kilometers. 
Each interpolated value represents a 4 x 4 kilometer cell. 
HYDR_WS Mean of all HYDR_PT values within the watershed 
NEAR_AG Percent of watershed within 5 km of sample location classified as agriculture 
(Homer et al. 2007). 
NEAR_URB Percent of watershed within 5 km of sample location classified as urban (Homer 
et al. 2007). 
Max_DamVol The volume (km3) of the largest dam within the watershed (USACE 2006). 
Standardized by dividing by watershed area. 
MgO_Mean Mean of all cells within the watershed, where cells represent the percent of the 
underlying bedrock composed of magnesium oxide (MgO).  Percentages are the 
average percent MgO for all lithologies within a cell, weighted by lithology 
prevalence.  Lithologies and their prevalences were derived from the USGS 
Preliminary Integrated Geologic Map of the United States.  
MINEperSQKM Watershed mine density calculated as the number of mines divided watershed 
area (USGS mineral resources data system, http://mrdata.usgs.gov). 
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Pmax_PT GIS raster calculated as S(MAXxi) / 30 at the sampling point, where xi = the 
modeled total precipitation (mm) for month i (1-12).  Values based on 30 years 
(1971-2000) of PRISM climate estimates.  Each value represents a 900 x 900 
meter cell (http://www.prism.oregonstate.edu). 
Pmax_WS Mean of all Pmax_PT values within the watershed 
Pmin_PT GIS raster calculated as SMINxi / 30 at the sampling point, where xi = the 
modeled total precipitation (mm) for month i (1-12).  Values based on 30 years 
(1971-2000) of PRISM climate estimates. Each value represents a 900 x 900 
meter cell (http://www.prism.oregonstate.edu). 
Pmin_WS Mean of all Pmin_PT values within the watershed 
PrdCond Expected conductivity at sampling point. (Olson and Hawkins 2012) 
PrdTemp Expected summer stream temperature (˚C) (Hill, USU, unpublished). 
RHmean_PT GIS raster calculated as S(SUMxi / 12) / 30 at the sampling point, where xi = the 
modeled mean relative humidity (%) for month i (1-12).  Values based on 30 
years (1961-1990) of PRISM climate estimates.  Each value represents a 2 x 2 
kilometer cell (http://www.prism.oregonstate.edu). 
RHmean_WS Mean of all Rhmean_PT values within the watershed 
S_Mean Mean of all cells within the watershed, where cells represent the percent of the 
underlying bedrock composed of sulfur (S).  Percentages are the average 
percent S for all lithologies within a cell, weighted by lithology prevalence.  
Lithologies and their prevalences were derived from the USGS Preliminary 
Integrated Geologic Map of the United States.  
Slope_WS Watershed slope measured as the (ELVmax_WS-ELVmin_WS)/Maximum flow 
length. Calculated from statistics produced by the multi-watershed delineation 
tool (Chinnayakanahalli et al. 2006). 
Sum_DamVol The total volume (km3) of all dams within the watershed (USACE 2006). 
Standardized by dividing by watershed area. 
Tmax_PT GIS raster calculated as SMAXxi / 30 at the sampling point, where xi = the 
modeled monthly average maximum air temperature (°C) for month i (1-12).  
Values based on 30 years (1971-2000) of PRISM climate estimates.  Each value 
represents a 900 x 900 meter cell.  Note that these values are modified from 
the PRISM annual maximum air temperature grid available at: 
http://www.prism.oregonstate.edu, that are calculated as S(SUMxi / 12) / 30, 
where x
i
 = the modeled monthly average maximum air temperature (°C) for 
month i (1-12). 
Tmax_WS Mean of all Tmax_PT values within the watershed 
Tmean_PT GIS raster calculated as S(SUMx
i
 / 12) / 30 at the sampling point, where x
i
 = the 
modeled mean air temperature (°C) for month i (1-12).  The modeled monthly 
mean air temperature (x
i
) is the average of the minimum and maximum 
monthly air temperatures (http://www.prism.oregonstate.edu/faq.phtml).  
Values based on 30 years (1971-2000) of PRISM climate estimates.  Each value 
represents a 900 x 900 meter cell (http://www.prism.oregonstate.edu).   
Tmean_WS Mean of all Tmean_PT values within the watershed 
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Tmin_PT GIS raster calculated as SMINxi / 30 at the sampling point, where xi = the 
modeled monthly average minimum air temperature (°C) for month i (1-12).  
Values based on 30 years (1971-2000) of PRISM climate estimates.  Each value 
represents a 900 x 900 meter cell.  Note that these values are modified from 
the PRISM annual maximum air temperature grid available at: 
http://www.prism.oregonstate.edu, that are calculated as S(SUMxi / 12) / 30, 
where xi = the modeled monthly average minimum air temperature (°C) for 
month i (1-12). 
Tmin_WS Mean of all Tmin_PT values within the watershed 
UCS_Mean  Mean of all cells within the watershed, where cells represent the average of 
uniaxial compressive strength (UCS, MPa) of the underlying bedrock.  Cell 
values are the average UCS for all lithologies within that cell, weighted by 
lithology prevalence.  Lithologies and their prevalences were derived from the 
USGS Preliminary Integrated Geologic Map of the United States. 
URB_WS Percent of watershed classified as urban (Homer et al. 2007). 
WSA Watershed area in square kilometers 
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Appendix B. Partial dependence plots of all stressors on land uses and natural characteristics.
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